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To enhance student persistence and
degree attainment, the University of
South Florida supported the development of a model, using logistic regression, which will predict the risk of
individual student attrition based upon
pre-matriculation
characteristics. Students who are most at risk will be personally contacted and interviewed to
determine what intervention strategies
and support should be implemented

The

project presented in this article was
described in a previous edition of cu.
lege and University (Miller 2007). The
project is intended to produce a model for predicting the
risk of attrition of individual students enrolled at the Universiry ofSourh Florida. When the model is applied to an
incoming population of newly enrolled students, university officials will be able to employ a process ofintervening
with individual students and developing strategies to enhance the chances of persistence of the involved students.
Many higher educational institutions are engaged in activities intended to enhance student retention, but problems exist in identifying students who would benefit from
such efforts. Broadly applied efforts, such as targeting all
freshmen, can be wasteful in that they almost certainly
include many participants who would have remained enrolled at the institution without any treatment. Narrowlyapplied efforts, such as targeting students on academic
probation. or who show another single risk factor for
attrition, fail to take advantage of the fact that multiple
characteristics often combine to predict retention. Therefore, they target only some of the students most likely to
leave, missing many others, and also students who would
have remained anyway, once again wasting resources.
The appeal of the current project is that it is intended to
identify individual students who are at risk based upon a
variety of factors. When individual students are found to
be at risk, and there is confidence in the basis for the discovery, appropriate personnel can contact them and begin
the process of developing plans to enhance the chance of

persistence by the individual student (Glynn, Sauer. and
Miller 2.005). The efficiency and cost effectivenessof this
~pproach, especially at large institutions, is appealing to
involved administrators and managers.
Another characteristic of this project that may have
particular appeal to practitioners is that the model relies
entirely on pre-matriculation characteristics of entering
new students. This allows for a timely response on behalf
of the students identified as at risk and gives the institution an opportunity to craft a legitimate earlyintervention
program that can start even before the individual student
gives any Signal of disconnecting or disengaging from
the university, perhaps even before the student has given
thought to dropping Out.
The authors will describe the process of developing the
predictive model and then present the specificelements of
the model. There were several items in the database that
were nearly of predictive worth, and they will also be described. Finally, the authors will describe the process of
developing interventions on behalf of individual students
found to be at risk.

METHOOOLOGY
Data for the study were obtained from university databases and the College Student Expectations Questionnaire (csxo) (Gonyea 2003; Kuh and Pact '998), which
was administered to incoming First Time in College
(FTIC) freshmen in the fall of 2.006. Participants in the
study were 3.998 new FTIC students who enrolled at the
Tampa Campus of the university in the fall of 2.006. and
also new FTIC students in the summer 2.006 term who
returned for the fall. Of these students, 58 percent were
women, and 35percent were minority. More than 90 percent of the new FTI C students were from Florida. Of the
overall group, 82..2.percent returned to the university for
the fall 2.007 term. About half of the incoming freshmen
completed the survey, and about half of those provided
identifying information that would allow the matching
of survey results to information about students available
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Table A-I
lndepmdml

Variables in tile Analysis
Variable Name

Block

CategoritaljContinuous
Dummy-2 M,F

Gender

1

Reference: Male

Ethnic

Reference: While
Dummy-S

Distance

l-Iocal county, 2-surrounding
area,
3-south counties, a-other in-state,

Durnrnv- 11 Top 10 majors

+

s-out-ot-s-ate

"Other"

l-Undeclared,
2-Pre-Med, 3-Business, a-Enq,
S-Pre-Education,
6-Psychology, 7-Pre-Nursing,
9-Architeclure,
lO-Criminology,
11-0ther

Major_code

Reference: Out-of-state

8-Biology,

Reference: "Other"

Honors Program

Dummy-2

yes or no

Summer Program

Dummy-2

yes or no

Reference: Yes (1)

Athlete

Dummy-2

a or 1

Reference: Yes{l)

Residence status

Dummy-2

R or C

Reference: Residential

High School GPA

2.38-4.78

1

SATCombined(math & verbal)

910-1530;ACTscoresconverted

1

Guestsat orientation

Ordinal,0-3+

Timeelapsedbetween applicationand enrollment

Days

1

Timeelapsedbetween orientation and enrollment

Days

---~1~3~~I~O·W·,
~3~6~~h~i~h::---------------------~----_...J

2

Libraryand Info TechScale

2

Experienceswith FacultyScale

2

CourseLearningScale

14-low,36-high

2

WritingScale

S-Iow, 20-high

2

CampusFacilitiesScale

9-low 36-high

2

Clubs,Organizations,ServiceProjectsScale

S-Iow,20-high

2

StudentAcquaintancesScale

7-low, 2a-high

2

Scientific& QuantExperiencesScale

S-Iow, 20-high

2

ConversationTopicsScale

10-low, 40-high

2

Informationin ConversationsScale

6-low, 24-high

2

Readnon-assignedbooks

l-Iow, S-high

2

Readtextbooks/assignedbooks

t-low 5-high

2

Writeterm papers

l-Iow S-high

2

Write essayexamsfor courses

l-Iow, 5-high

2

Will you like college?

l-Iow, 4-high

a-low, 2a-high

2

Academic,scholarlydevelopment

l-weak emphasis,7-strong

2

Aesthetic,expressive,creative dev

l-weak,7-strong

1

Critical,evaluativedev

l-weak, 7-strong

2

Appreciationof humandiversity dev

t-weak. 7-st~ro:n:g~--------------------------,J

2

Info literacyskillsdev

1-weak, 7-strong

2

Vocationalcompetencedev

t-weak 7-strong

2

Personalrelevance/practicalvalue of courses

l-weak, 7-strong

2

Relationshipswi other students

l-alienated,7-friendly

2

Rei'swith faculty

l-remote 7-approachable

2

Rei'swith administrators

l-impersonaI7-helpful

1

Expectedgrades

S-A, l-C or lower

2

Advanceddegreeplans?

Dummy,l-yes 2-no

2

Credithoursplanned

Hew,S-many

2

Studyhoursper week

l-Iow, 7-high

2

Workon campus

t-none, 6-high

2

Workoff campus

1-none, 6-high

2

Whowill pay expenses?

"l-all self, 4-all other

, Dummy variable values if created; Reference value if categorical

Reference: Yes

from the university's standard databases. This reduced the
number of cases available with the survey variables present
to approximately 900.
It was determined that 98 percent of the entering FTIC
fresh~en were aged 18 or 19, so the analysis was restricted
to this age group. American Indian! Alaskan Natives and
people who indicated "other" as their race were excluded
from the analysis due to their small numbers. Therefore.
it should not be assumed that results from this study will
generalize to those groups.
The researchers employed logistic regression to develop
the retention model. That form of regression analysis is
appropriate because the dependent variable. persistence
from fall 2006 to fall 2007, is not continuous but dichotomous. In addition, the independent variables, drawn from
the university's database as well as from the administration of the csxo, are of varying types.
Independent variables used in the analysis appear in
Table A~I. Several scales based on items from the csxo
survey were used. Some of the scales were missing one or
more variables. In cases where fewer than half of the component variables were missing, imputed values were substituted for the missing data.

RESULTS
The PROC LOGISTIC procedure in SAS was run using setwise inclusion of variables. Returning for the fall 2007
term was the dependent variable. Two blocks of independent variables were created such that Block One included
mainly demographic-type items available from the university's standard darabases. Block Two included all of the
variables in Block One along with scales and individual
items from the cs xq survey.
Table A-I shows rhe two blocks of variables. Categorical independent variables entered into the analysis as
dummy variables were sex, race/ethnic group. location of
origin, major status. honors program status, summer program participation, athletic status, residential status, and
interest in obtaining an advanced degree.
Step one in the logistic regression analysis was to construct a model and then determine how well the overall
model fir rhe dara (Menard 2002). Whereas in linear regression parameters of the model are estimated using the
least-squares method, in logistic regression, parameters of
the model, including the coefficients associated with the
independent variables, are estimated using the maximumlikelihood method (Pampel woo). How well the model
fits the data can be ascertained from the log likelihood
value (LL). The change in log likelihood when the inde-

pendent variables are included in the model compared to
a model that excludes them is observed. Differences between rhe log likelihoods of each model multiplied by -2
(-2LL) can be interpreted as a X2 statistic (Menard 2002).
TI:e ~ value can be used along with the chi-square table
WIth degrees of freedom equal to the number of independent variables to test the null hypothesis that all coefficients are equal to zero. This is similar to the use of the F
test in least-squares regression.
If a significant model chi-square is observed, the next
step is to evaluate the "contribution of each independent
variable to the model by testing for its statistical significance and then examining the substantive significance
of its effect on the dependent variables" (Menard 2002,
p. 41). The Ward statistic, which has a chi-square distribution, can be used to test the null hypothesis that a coefficient is equal to zero, Unstandardized coefficientsshow
the change in the dependent variable (or, rather, its logir)
for every unit change in the independent variable.The unstandardized coefficients can also be used in an equation
to predict the dependent variable for a new group of cases
for which the independent variables are known but the dependent variable is not known.
A problem with the unstandardized coefficientsis that
they are presented in their natural units of measurement.
The importance of one independent variablecompared to
another may be obscured by the size of the units used to
measure each independent variable. Standardized regression coefficients indicate how many standard deviations
the logit of the dependent variable changes as a result of a
one standard deviation change in the independent variable.
Thus, the standardized coefficientsshow the importance of
each variable, controlling for all of the others, on the logit
and may be used to compare the strength of the relationship between the dependent variable and different independent variables. Menard (2002) states that standardized
coefficients produced in SAS are only partially standardized and recommends a formula to produce completely
standardized coefficients (p. 53).This formula was used to
produce the standardized coefficients reported here.
Examination of unstandardized and standardized coefficients, because they deal with logics,can still leavedoubt
about the relative impact of independent variableson the
dependent variables in regression analysis.For this reason,
the Delta-p statistic has come into use to more clearly
display the effect that independent variables have on the
outcome variable (Cabrera 1994)' "Delra-p is the impact
that each significant variable makes on the probability of
retention, controlling for all other variables in the model"
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(Ronco and Cahill 2006). Delta-p can be calculated using
a formula developed by Petersen (1985). For continuous
variables in the model, Delra-p represents an estimate of
the change in probability of the dependent variable based
on a one-unit change in the independent variable. For categorical variables, Delra-p represents an estimate in the
change in probability of the dependent variable compared
to the reference value.

Table A-2
Model Tndicalors
Indicator

Modell

Baseline p (%)
Model N
-2 Log L

Intercept Only

Likelihood Ratio Chi-square(df)"

Correctly Predicted (%)

82.2

78.2

3,836

717

-------_ .....

With covartates

Adjusted Pseudo R2

Model 2

3587.622

751.157

3368.085

645.446

219.5364 (26)

105.7109 (57)

~.:::::-':O;;.O::;9;;1~6
82.3

...

0...2..1;;1:,:1
__

...,

78.9

"p < .0001

Diagnostics performed on the data prior to analysis included checks of tolerances in a regular regression analysis
to determine if multicollinearity between variables was
present, and the Hosmer and Lemeshow (1989) lack of
fit test to confirm linearity in the logit, These procedures
were carried out for both blocks of variables. One variable,
parent degrees, was eliminated from the Block Two analysis due to high tolerance. Adequate linearity in the logit
was present in both analysis blocks.

ANALYSIS OF BLOCK ONE
(FROM UNIVERSITY DATABASES)
Model indicators for analysis of Block One variables appear in Table A-l. The overall retention rate for this group
(N = 3,836) from fall I to fall 2 was 82.3 percent. The value
of -lLL for the analysis including Block One indicates that
there was significantly better prediction of the dependent
variable obtained when Block One variables were included

in the model compared to a model that included no independent variables (-2LL = 219.5364 (df= 26), P < 0.0001).
Unsrandardized coefficients and standardized coefficients
for the Block One variables appear in Table A-3. Delta-p
values appear only for significant coefficients. The Delta-p
values show that retention increased approximately 10 percent based on each one-point increase in high school GPA,
and that Asian students showed 9 percent higher retention,
and Black students showed II percent higherreten.
tion than "White students. Pre-nursing students
had an almost 13 percent lower retention fate than
"other" majors. and commuters showed a 2.6 percent lower retention rate than resident students.
SAT combined scores showed a small negative
relationship to retention. Time elapsed since orientation (attending an early orientation) showeda
small positive relationship with retention,

ANALYSIS OF BLOCK TWO
(BLOCK ONE AND CSXQ DATA)
Model indicators for analysis of Block Two variables appear in Table A-2. The overall retention
rate for this group (N = 717) from fall I to fall 2
was 78.2 percent. The value of -2LL for the analysis including Block Two indicates that there
was Significantly better prediction of rhe dependent variable obtained when Block Two variables were included in the model compared to
a model that included no independent variables
(-2LL = 105-7109 (df= 57), p < 0.0001),
Unstandardized
coefficients and standardized coefficients appear in Table A-3. Delta-p values appeal only for
significant coefficients and show that retention increased
approximarely IO percent based on each one-point increase in high school GPA, and that Black students showed
a 14·5 percent higher retention than White students. Expecting to read many assigned books was associated with
a 1.7percent increase in retention per unit as the value of
that measure increased, but expecting to read many nonassigned books was associated with a 3 percent decline in
retention per unit as the value of that measure increased.
Working off campus was associated with a 2.9 percent
decline in retention per unit increase in that measure.
Although expecting to participate in clubs and organizations was significant in predicting retention, the effectwas
modest, showing less than a I percent increase in retention
with every unit increase in scores.
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Table A-3
Annlysis of Effects, Block 1 nnd Block 2 Vnrinbles
Effect

Intercept

High School GPA

0.1554

GenderF

-0.0602

10.40

-0.0104

0.89952

0.1260

-0.1466

-0.0239

0.9038

0.0640

Ethnic A

0.81581

0.0752

9.30

Ethnic B

1.0791'

0,1175

11.20

Ethnic H

0.0375

0.0048

-0.0891

-0.0110

Distancel

0.4618

0.0737

0.7953

0.1196

Distance2

0.3442

0.0480

0.2106

0.0276

Distance3

0.4272

0.0398

0.5063

0.0428

Distance4

0.3347

0.0561

0.4811

0.0753

-0.001463

-0.0590

-0.0023

-0.0734

SAT Combined

-0.02

1.58213

0.1440

Major code 1

0.0972

0.0133

-0.3054

-0.0390

Major code 2

0.0447

0.0057

0.1980

0.0212

Major code 3

-0.1034

-0.0120

Major code 4

-0.0612

-0.0062

0.0001

Major code 5

-0.3335

-0.0291

-0.0258

Major code 6

0.2647

0.0189

Major code 7

-0.69762

-0.0481

Major code 8

0.2777

Major code 9

-0.0276
-13.00

-0.0514

0.0179

0.8414

0.0487

0.0582

0.0036

0.8380

0.0495

Major code 10

-0.2390

-0.0127

-0.1061

-0.0039

Honors No

-0.0503

-0.0052

0.1649

0.0099

Summer

-0.1414

-0.0122

*

Athlete

-0.1764

-0.0083

0.2320

-0.0089

Residence Status-Commuter

-0.23344

-0.0406

-2.60

-0.2915

-0.0479

Time Elapsed Since Orientation

0.004633

0.0523

0.09

0.0054

0.0396

Time Elapsed Since Application

0.00167

0.0342

0.0018

0.0351

Library & Info Tech Scale

-0.0155

-0.0209

Experiences with

-0.0379

-0.0472

Faculty Scale

0.0504

0.0736

Writing Scale

-0.0621

-0.0589

Campus Facilities Scale

-0.0298

-0.0472

Course learnin

Scale

Clubs, Organizations,
vice Projects Scale
Student Acquaintances
Scientific

0.07924

Ser-

Scale

& Quant Experiences

Conversation
Information

Scale

Topics Scale
in Conversations

Read non-assigned

Scale

books

Read textbooks/assigned

books

Write term papers
Write essay exams for courses

14.60

-0.0687

-0.8220

Program

10.10

0.0910

-0.0543

-0.0814

-0.0607

-0.0685

0.0150

0.0278

0.05330

0.13

0.0583

-0.25484

-0.0847

-3.00

0.28584

0.0850

1.70

0.1557

0.0486

-0.2388

-0.0804

-0.2194

-0.0456

0.0792

0.0266

0.0131

0.0050

will you like college?
Academic,

scholarly

Aesthetic,

expressive,

development
creative

dev

TABLE CONTINUED ON NEXT PAGE...

Table A-3
Analysis oj EJJecls, Block 1 and Block 2 VarialJles

Effect
Critical, evaluative dey
Appreciation of human diversity dey

0.1185

0.0455

Info literacy skills dey

0.0125

0.0049

Vocational competence dey

0.0729

0.0282

-0.1230

-0.0446

Relationships wi other students

-0.0983

-0.0335

Rei's with faculty

-0.2633

-0.0937

Personal relevance/practical value of courses

Rei's with administrators

0.1803

0.0683

Expected grades

0.0313

0.0080

Advanced Degree Plans?

-0.2096

-0.0275

Credit hours planned

-0.1051

-0.0203

Study Hours per week

0.1247

0.0629

-0.0932

-0.0265

-0.24963

-0.1043

0.1464

0.0538

Work on campus
Work off campus
Who will pay expenses
't

p:::O.0001; 2p<:O.005; 3p<O.01; 4p<:O.05;

* Excluded

-2.90

no cases

DISCUSSION

of those variables measure a form of early commitment
and affiliation with the university, so, again, higher levels
of persistence are understandable.

Review of Frequency Distributions
Before conducting the logistic regression, a review of the
descriptive data in the form of frequency distributions
showed some tendencies regarding differences between
the group of those who persisted and the group of students in the sample who had dropped out. Variables that
seemed to have a positive relationship with persistence
because students who had persisted were overrepresented
included gender (female), enrollment in the University
Honors Program, and participation in one of two early
enrollment summer programs. It is not clear why female
students persist at a higher rate than do males, but this
finding is consistent with previous studies at the university. The latter two variables reflect participation in one of
several programs that are characrerized by high levels of
engagement with and support of students. so higher levels
of persistence are predictable. Also showing a tendency to
be positively correlated with persistence were early attendance at one of the series of summer orientation programs
and early application for admission to the university. Both

The preceding variables were all from the university
databases. There were several other variables mat came
from the csxo, data set that seemed to have positive relationships with persistence. The first was the intention
to be employed on campus. That is consistent with ocher
research (Pascarella and Terenzini 2005) and it is also intuitive because on-campus employment is a form of involvement that can enhance a student's sense ofbe/onging.
Other csxo variables that showed positive relationships
with persistence are the intended effort scales related to
course learning and to scientific and quantitative experiences. Again, it makes sense that students who intend to
expend higher levels of effort in those areas would be more
apt to persist than other students. Final1y, also correlated
positively with persistence were individual items from the
CSXQsurvey related to expected interactions with faculty
and to hours spent studying.
None of the aforementioned variables were in rhe predictive model, perhaps indicating that they were accounted
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for by other variables in the model, but they do show tendencies of predictive worth. As additional data are collected
in subsequent years and the predictive model is refined,
some of tho~e variables may become pan of the predictive
measure denved from the logistic regression analysis.
Contrasting

Block One and Block Two Analyses

Comparing results from Block One and Block Two illustrates some important "real-life" truths in conducting
such an analysis. Most universities collect the kind of
information from students included in Block One. Colleges and universities that are unable to participate in new
student surveys or other special data collection activities
could use such an analysis to assist in identifying students
who are at higher risk for dropping out. In addition, many
more participants were available for the Block One analysis than the Block Two analysis, thus engendering more
confidence in the results of the Block One analysis than
for Block Two.
The Block Two results are intriguing, at least to the extent that retention was associated with variables that are
not available from university records. Unfortunately, the
results are obscured by the small number of participants.
This was caused by the usual kind of difficulties encountered by an institution seeking to implement a new survey
data collection effort. These problems have been resolved
and a much larger sample of survey participants (more
than 3,000) is expected to be available from the 2007 incoming class of FTIC students. So, for example, two other
scales and two individual items from the CSXQ came close
to significantly predicting retention in several different iterations of the model A larger sample may resolve whether
these elements will be helpful in predicting student retention at this institution.
Three variables that were significant in predicting retention without the survey variables (being a Pre-Nursing
student, SAT scores, and time elapsed between orientation
and enrollment) were not significant in the Block Two
analysis. This may be because the additional variables accounted for variance formerly accounted for by these variables in the first analysis, or because the much smaller N of
the second analysis affected the results. Comparing the results from the Block One and Block Two analyses makes it
clear that quite different results may be obtained when new
variables are added to a regression analysis. Nevertheless,
the fact that rwo variables, High School GPA and Race/
Ethnic Group Black, were associated with increased retention among students in both analyses is worthy of note.
Ronco and Cahill (2.006) also found these variables to be

predictors of first-year retention in their study of a similar
population of metropolitan university FTIC students.
Predicting New Cases
Focusing on the second analysis (Block Two variables),
the factors identified as of predictive worth (with the direction of predicting persistence provided) that can be
used to predict retention in new cases are:
CD High school GPA (+);
III Being Black vs. being White (+);
OJ Expecting to participate in clubs and student organizations in college( +);
Expecting to read many textbooks or assigned books
in college( +);
ffi) Expecting to read many non-assigned books in college(-); and
® Expecting to work off campus while in college(-).

o

For each new case the probability that the student will
be retained can be derived from the following equation:
Logit(y)"
2.9574 + (O.8995)(High School GPA) + (O.9038)(EthnicA)+(lS821)
(EthnicS) - (0 .0891)(EthnicH) + (0.0792)( cI ubs) - (0.2548)
(books1) + (O.2858){books2) -(O.2496)(workoffcampus)

The coefficients are taken from Table A-3, on page 7.
The computer program produces odds from Lagit(Y),
and then applies a formula to the odds to yield a probability of persistence between 0 and I for each new case. The
formula can be applied and new students sorted into "atrisk" and "not-at-risk" groups based on their probability
of persistence. Groups may receive treatment as needed.
Briefly reviewing those factors that show themselves to
have predictive merit, the inclusion of high school grades
[(I.) above] makes sense and is consistent with previous
analyses at the university. Expecting to participate in
student organizations and read textbooks [().) and (4-)
above] are forms of engagement, with the out of class and
in class experience, respectively. Their inclusion is consistent with the expectations of the researchers. Working off
campus [(6.) above] is also intuitive. That African-Amencan students are more apt to persist through the first year
[(2.)] seems to suggest that further research into this factor would be useful, because it is not fully understood.
Finally, the intention of students to engage in out of class
reading [(5.)] is negatively related to persistence, and the
reasons for that are also not fully understood. More research is called for in this area, also.
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INTERVENTIONS

course, which

is offered to all first-year students. It is ex-

The developers of rhe predicrion model have been in regu-

peered that, between those three pools of personnel who

lar contact

serve the students

ioning

with appropriate

administrators

strategies for intervening

about

fash-

on behalf of individual

tors can identify

students at risk of attrition. The leading administrators

work with

in student affairs, undergraduate

be trained

planning

and management

studies, and enrollment

have embraced the idea of tar-

student

geting individual students to modify their risk of attrition.

2.0

targeted

students at risk. The intervention

on effective

persistence

prediction

by this project, administra-

about 3S persons, each of whom would
strategies

team will

to suppOrt individual

and they will be introduced

to the

model, so rhey undersrand rhe basis for their

In the upcoming semester. a series of meetings will take

assignments.

place involving

standard student supporr services (and follow up), such as

representatives

of those three sections

the university, and those responsible

The model
500-700

is expected

FTIC students

of

for the model.

ro identify

academic

approximarely

as at risk of attrition

Strategies employed

advising,

career services, and learning suPPOrt.

Other interventions

in their first

possibility

will include referrals to

might be an on-campus

or a suggestion

to stimulate

employment

student engage-

year, of rhe roral of approximarely 4,200 enrolled. The formidable challenge of fashioning consisrent, helpful, and
well-rargered approaches to interact with each of those
700 srudenrs will fall ro the team assembled by the group

six factors that make up the model has predictive value.

holding

However,

those meetings.

There are dozens of academic

ad-

visors at the university who primarily serve first-year stu-

ment, such as student
team support,

organization

or community

membership,

sports

service activity,

The model will predict risk of attrition, and each of the
there is no reason to suggest that the factors
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of individual intervention team members, as those who
have particular success may provide useful insight regarding their particular strategies. The ambitious undertaking
of forging individual interventions and providing support
will begin in the fall aoog semester.

CONCLUSION AND NEXT STEPS
This project is premised upon the principle that college
student attrition is as highly individual and personal as
any other aspect of the college-going experience. Students
make decisions about matriculation (to stay or depart)
based upon complicated and complex factors that have
unique meaning to the individual, and they are impossible
to treat in the aggregate. The project attempts to collect a
wider range of information associated with student plans,
experiences, and characteristics to provide a broader composite of information about persistence and predict risk of
attrition based upon that wide range.
The research team expects to have results to report
regarding the persistence of the group entering in aoo S
by fall 2.009. There are no specific targeted goals for improving freshman-to-sophomore retention, but a marked
improvement is expected. In the meantime, more studies
will be initiated with the same data set, with more subjects
added with each entering class.
The model that has been developed is expected to generate accurate predictions of risk of attrition, and the interventions that are planned are expected to modify that risk
and enhance persistence as a result. However, the model
only predicts freshman-to-sophomore attrition, not attrition that might take place later in a student's academic
career. The research team expects to develop a model to
follow the students in the original data set into what would
be their junior year and predict sophomore attrition, based
lIpon data collected for the current model, supplemented
by data drawn from the real experiences of students, such
as academic performance, actual major chosen, residence
status, and participation in student organizations.
The research team will also begin developing strategies
for collecting data from the population of incoming transfer students, which is a larger and probably more complex
group than the FTIC collection. Determining what should
be the elements of a database intended to predict attrition

of transfer students will be complicated, but, given the
size of the collection and the stakes associated with persistence, it is a necessary additional step.
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